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ABSTRACT 10 
Continuously changing electricity demand and intermittent renewable energy sources pose challenges to the operation 11 
of power systems. An alternative to reinforcing the grid infrastructure is to deploy and manage distributed energy storage 12 
systems.  In this work, a micro-energy market is proposed for smart domestic energy trading in the low-voltage 13 
distribution systems in the context of high penetration of photovoltaic systems and battery energy storage systems. In 14 
addition, a micro-balancing market is proposed to address the congestions due to unforeseen energy imbalance. 15 
Centralised and decentralised management strategies are simulated in real time, based on generation and demand 16 
forecasts. In addition, electric vehicles are also simulated as potential storage solutions to improve grid operation. A 17 
techno-economic evaluation informs key stakeholders, in particular grid operators on strategies for a sustainable 18 
implementation of the proposed strategies. The results show that the micro-energy market reduces the energy cost for 19 
all grid users by 4.1-20.2%, depending on their configuration. In addition, voltage deviation, peak electricity demand 20 
and reverse power flow have been reduced by 12.8%, 7.7% and 85.6% respectively, with the proposed management 21 
strategies. The micro-balancing market has been demonstrated to keep the voltage profile and thermal characteristic 22 
within the set limit in case of contingency.  23 
KEY WORDS 24 
Micro energy market, Micro balancing market, Centralised and decentralised energy management, Real-time 25 
optimisation 26 
HIGHLIGHTS 27 
- Micro energy market reduced user’s electricity cost 28 
- Micro balancing market solved the network contingency 29 
- Micro markets reduced voltage deviation, peak demand and reverse power flow 30 
- The system operator benefitted from the decentralised management of batteries 31 
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Business as usual 
BESS Battery energy storage system 
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CAPEX Capital expenditures 
DER Distributed energy resource 
DG Distributed generation 
DNO Distribution network operator  
DSO Distribution system operator 
DSR Demand side response 
EFA Energy Flexibility asset 
FAMS Flexibility asset management strategy 
FIT Feed-in-Tariff 
ICT Information and communication technology 
LCOE Levelised cost of energy 
MAE Mean Absolute Error 
MBM Micro balancing market 
MCP Market clearing price 
MEM Micro energy market 







PCC Point of common coupling 
POD Point of delivery 
PV Photovoltaic 
RES Renewable energy source 
RMSE Root Mean Square Error 
RTP Real time price 
SC Self-consumption 




Time of Use  
SET Smart energy trading 
TSO Transmission system operator 
V2G Vehicle-to-Grid 
WACC Weighted average cost of capital 
Parameters  
B Number of buses in the network 
T Optimisation window length 
∆𝑡  Time-step resolution 
𝜂𝑏𝑖
𝑐ℎ , 𝜂𝑏𝑖
𝑑𝑖𝑠  Charge/discharge efficiency of bi  
𝑃𝑏𝑖 𝑚𝑎𝑥
𝑐ℎ  , 𝑃𝑏𝑖 𝑚𝑎𝑥
𝑑𝑖𝑠  Maximum charge/discharge power of bi  
𝐸𝑏𝑖 𝑚𝑖𝑛 , 𝐸𝑏𝑖 𝑚𝑎𝑥 Minimum/maximum storage energy of bi  
𝐶𝑏𝑖
𝑑𝑒𝑔𝑟
 Degradation cost for charge/discharge of bi  
𝛼 Constant arbitrary value for MILP implementation 
𝐿𝐶𝑂𝐸𝑃𝑉𝑖 Levelised Cost of Energy of solar PV plant installed in bus i 
𝐶𝑡𝑟𝑎𝑑𝑒
𝐷𝑆𝑂  Price payed by DSO/received by the prosumers for the energy traded 
𝐶𝑠𝑒𝑙𝑙𝑖𝑛𝑔
𝑝𝑟𝑜𝑓𝑖𝑡
  Profit of DSO every kWh sold to customers ( 𝐸𝑠𝑒𝑙𝑙(𝑡) ) at time t 
𝐶𝑠𝑒𝑙𝑙
𝑎𝑣𝑒𝑟𝑎𝑔𝑒
  Average price at which the DSO sell 𝐸𝑏𝑢𝑦(𝑡) 
𝑒𝑟  Random error used for the household load forecast model 
Variables  
i Index referring to bus i 
bi, B Stationary BESS installed in bus i, total number of BESS in the system 
t, T  Time slot t in the optimisation window T 
𝑃𝑛𝑒𝑡
𝑃𝐶𝐶(𝑡)  Net power exchange at PCC at time step t 
𝑝𝑏𝑖
𝑐ℎ(𝑡) , 𝑝𝑏𝑖
𝑑𝑖𝑠(𝑡) Charge/discharge power of bi at time step t  




𝐸𝑏𝑖(𝑡) Energy of bi at time step t 
𝑃𝑛𝑒𝑡 𝑖(𝑡) Net power at bus i without battery 
𝑐𝑝 𝑖
∗ (𝑡) , 𝑐𝑠 𝑖
∗ (𝑡)  Forecasted price the prosumer in bus i expect to purchase/sell energy at time step t 
𝑥𝑝 𝑖(𝑡) , 𝑥𝑠 𝑖(𝑡)  Energy to be purchased/sold by the prosumer in bus i at time step t  
𝑘𝑏𝑖
𝑐ℎ(𝑡) , 𝑘𝑏𝑖
𝑑𝑖𝑠(𝑡) Binary decisional variables governing the charge and discharge of bi 
𝑘𝑝 𝑖(𝑡) , 𝑘𝑠 𝑖(𝑡) Binary decisional variables governing the energy traded by the prosumer in bus i 
𝐸𝑃𝑉𝑖(𝑡) Energy produced by solar PV plant installed in bus i at time t 
𝐸𝑏𝑖
𝑐ℎ(𝑡) Energy charged in bi at time t 
𝐸𝑏𝑖
𝑑𝑖𝑠(𝑡) Energy discharged from bi at time t 
𝐸𝑏𝑢𝑦𝑖(𝑡) Energy bought by bus i at time t 
𝐸𝑠𝑒𝑙𝑙𝑖
𝑀𝐸𝑀(𝑡) Energy sold by bus i to the MEM at time t 
𝐸𝑠𝑒𝑙𝑙𝑖
𝐷𝑆𝑂(𝑡) Energy sold by bus 𝑖 to the DSO at time t 
𝐸𝑙𝑜𝑠𝑠𝑒𝑠𝑖(𝑡) Losses assigned to bus 𝑖 for the use of the grid at time t 
𝐸𝑠𝑒𝑙𝑙(𝑡) Energy sold by the DSO to the customers at time t 
𝐸𝑏𝑢𝑦(𝑡) Surplus energy from micro-grid bought by the DSO at time t 
𝑀𝐶𝑃(𝑡) Market clearing price at time t 
𝐶𝑙𝑜𝑠𝑠𝑒𝑠(𝑡) Cost of the losses inside the micro-grid at time t 
𝐶𝑠𝑝𝑜𝑡(𝑡) Spot price at time t 
𝑅𝑏𝑖
𝑀𝐵𝑀 𝐴(𝑡)  Revenue of the prosumer from the availability payment in the MBM at time t 
𝑅𝑏𝑖
𝑀𝐵𝑀 𝐸(𝑡)  Revenue of the prosumer from the energy payment in the MBM at time t 
𝐶𝑀𝐵𝑀(𝑡)  Cost of the DSO for the MBM 
𝑃𝑃𝑉𝑖(𝑡)  Power generated by PV plant in bus i at time t 
𝑃𝑙𝑜𝑎𝑑𝑖(𝑡)  Load power of bus i at time t  
𝑃𝑚𝑎𝑥
𝑃𝐶𝐶  Max net power demand at PCC in the simulation 
𝑃𝑅 𝑚𝑎𝑥
𝑃𝐶𝐶   Max reverse power flow at PCC in the simulation 
𝑒𝑔(𝑡)  Gaussian error for the household load forecast model 
𝑉19(𝑡)  Voltage in bus 19 at time t 
𝑆𝑡𝑑 𝑉19  Standar deviation of the bolvtage in bus 19 
𝑃𝑚𝑎𝑥
𝑃𝐶𝐶  Maximum electricity demand at PCC 
𝑃𝑅 𝑚𝑎𝑥
𝑃𝐶𝐶   Maximum reverse power flow at PCC 
1 Introduction 1 
 2 
The interest in and commitments to develop smart grids have been growing internationally over the past decade [1]. 3 
With the increased deployment of distributed generation (DG) and renewable energy sources (RES), along with the 4 
introduction of energy storage and micro-grids, the classic Distribution Network Operator (DNO) model is changing 5 
into a Distribution System Operator (DSO) [2]. A more modern approach is based on the variability of both supply and 6 
consumption, however, their integration in the power system poses new challenges that require a flexible management 7 
and control of the network [1]-[3]. In recent years, researchers and policy makers have emphasized the need of 8 
transforming the existing power grid towards a distributed smart system to enable the deployment of new low carbon 9 
technologies and several projects have been carried out to facilitate this transition [1]-[5][4]. Distributed Energy 10 
Resources (DERs) require cooperation among a variety of stakeholders, such as generation side operators, electricity 11 
market system operator, the transmission system operator (TSO), the DSO, end electricity users etc. It is important to 12 
incorporate smart changes to the existing power system in a realistic and coordinated manner. For this purpose, energy 13 
markets, active control of generation and electricity demand must also be decentralized. To this end, the concept of 14 
decentralised or Peer-to-Peer (P2P) energy trading has gained the interest of research community. The P2P energy 15 




trading represents direct energy exchange between peers, where energy from small-scale DERs in dwellings, offices, 1 
factories, etc. is traded among local energy prosumers and consumers [6]. 2 
 3 
Related works 4 
Several studies have investigated the topic of distributed energy management; however, it is still widely open and there 5 
is an ongoing learning on the most suitable methods and approaches. A model to representing P2P interaction for a small 6 
community with stationary storage located at customer level or a central battery shared by the community was optimised 7 
in [7]. However, it was assumed that prosumers cannot feed-in power to the grid; in addition, only decentralised control 8 
of batteries was simulated. A market procedure for a community micro-grid operating as part of a utility grid was 9 
presented in [8]. Within this micro-grid, each node had full control over its local energy resources and the energy plan 10 
is based on its own individual benefit. The study showed that under these assumptions, both sellers and buyers always 11 
benefitted from participating in this market. In [9], control strategies for stationary storage assets with multiple 12 
forecasting strategies was proposed. From a comparative analysis, it was demonstrated that a storage management 13 
system based on forecast has a higher potential to relieve the grid compared to a system that only maximises self-14 
consumption. Three different market paradigms to apply P2P energy trading in a community micro-grid were proposed 15 
in [10]. It was observed that energy trading resulted in reduction of the community energy cost. However, batteries were 16 
not considered in their model. In [11] a model for home energy management system based on a rooftop photovoltaic 17 
(PV) system, residential battery system and electricity demand forecast was presented. Their results demonstrated 18 
correlations between the level of self-sufficiency, demand forecasting errors and the energy cost, however, no clear 19 
market proposition was made. A P2P energy sharing model for end users in a community micro-grid, overseen by a 20 
third-party entity was proposed in [12]. Their two stage approach (day ahead and real-time operation) demonstrated 21 
improved economic benefits, compared to conventional peer-to-grid (P2G) energy trading, however the authors did not 22 
include an optimal grid operation within their model. In [13], the influence of electricity pricing models on the 23 
profitability and management of residential battery storage systems was investigated. It was demonstrated that suitable 24 
structures, such as the proposed enhanced Time of Use (TOU) pricing policy, were able to drive private investments in 25 
battery storage and increase the network hosting capacity. However, grid constraints were not considered in their 26 
proposed approach. A P2P energy trading platform using game theory was proposed by [14], and it was found that P2P 27 
energy trading can improve the local balance of energy generation and consumption. The proposed approach did not 28 
include any model for balancing mechanisms, nor analysed the status of the voltage in the simulated distribution 29 
network. 30 
The implementation of P2P energy trading depends mostly on national regulation as well as the enabling technology. A 31 
number of trials and projects on P2P energy trading have been carried out in recent years. Some of them focus on 32 
business models and energy market platforms. Others are targeted at local control, and Information and Communication 33 
Technology (ICT) systems for micro-grids [15],[16]. Among the technology and paradigm to realise an energy trading 34 
system, the idea of Blockchain is used some trials [16],[17] and seems to be a promising technology to regulate energy 35 
market system as per [17]. 36 
 37 




Main contributions 1 
The surveyed literature mainly focused on reducing the energy utilisation cost for the participating users as well as 2 
increasing the RES utilisation. This is a natural requirement that investors in RES are facing given the phasing out of 3 
RES subsidies such as Feed-in-Tariff (FIT) for both generation and export tariff in some countries, including the UK. 4 
A number of research gaps have been identified: 5 
- Most of the reviewed research focused on cost minimisation and other objectives, however, an equally crucial issue is 6 
that of optimising the use of distribution networks with energy storage, which was not often investigated [7]-[12]. 7 
- Many studies consider peer-to-peer energy trading without proposing a holistic local market solution, especially the 8 
balancing mechanisms for local congestion management [7]-[14]. 9 
- A comparison between centralised and decentralised energy management was not found in the surveyed studies. 10 
- No study focused on the DSO’s perspective and only user’s benefits were considered [7]-[14]. 11 
 12 
Another phenomenon that augments the requirement for an efficient management of the grid is the upcoming mass 13 
adoption of electrified transportation, which can bring significant challenges to the local electricity networks due to the 14 
increased energy requirement for transportation. Consequently, there will be potential danger of overloading of the lines, 15 
curtailments of supply or demand, voltage fluctuations and potentially higher losses on the entire grid. To address these 16 
potential issues, DSOs have two main approaches in their investment plans: the first is based on the business as usual 17 
(BAU) “Fit and Forget” policy; the alternative consists of promoting distributed control of energy storage. Based on the 18 
latter and increasing economic attractiveness of battery energy storage systems (BESSs) and electric vehicles (EVs), in 19 
this paper we evaluate their impact on distribution networks. For the purpose of this study we refer to BESS and EVs as 20 
Energy Flexibility Assets (EFAs). EFAs allow a smart integration with RESs such as PV systems, and with them 21 
prosumers can actively manage the energy exchanged with the grid to improve their economic return while benefitting 22 
the network. The model proposed in this work is simulated for different flexibility asset management strategies (FAMS), 23 
under both DSO’s and users/prosumers’ perspectives. The main aim of this paper is to propose decentralised/local 24 
energy and balancing market strategies (FAMSs) to optimise the operation of distributed networks. This provides advice 25 
to DSOs on the alternatives to grid reinforcements and prospective deferrals. Three cases are presented: a base case, a 26 
centralised case and a decentralised case. Seven different scenarios have been created, characterised by different FAMS 27 
and market structure/architecture. A total of three different FAMS, based on the forecast generation and demand profiles 28 
with a rolling window approach, are presented. In the decentralised case, energy is traded in a micro-energy-market 29 
(MEM) to allow a smart energy trading at a price lower than the spot market, whose tariff is assumed to be a real time 30 
price (RTP). Furthermore, a micro balancing market (MBM), aimed at balancing the system and to face unforeseen 31 
events (contingencies and congestions), is introduced and resulting benefits are evaluated. The purpose of this work is 32 
thus to address the research gaps discussed above, and to propose a management framework for smart distribution 33 
networks in presence of high DER penetration. 34 
The proposed methodology is applied to a of a typical UK (single phase) low-voltage distribution network. The time 35 
duration considered is a period from June 2017 to December 2017. A comparative techno-economic evaluation is 36 
performed in order to critically analyse the performance of the proposed management strategies.  37 
The key contributions of this work are as follows: 38 




- A holistic local energy market approach to optimise the operation of distributed networks. 1 
- A comparative analysis highlighting the benefits of decentralised management strategies over a centralised approach. 2 
- A techno-economic evaluation of different scenarios from the aspect of users, prosumers and DSO, highlighting the 3 
necessary steps for optimal investments and management of electricity distribution networks. 4 
- The introduction of MBM is to balance the local distribution network and to cover the contingency events using the 5 
energy from local prosumers, which to the best knowledge of the authors has not been previously proposed. 6 
The rest of the paper is organized as follow: Section 2 presents the methodology adopted, starting from the management 7 
strategies and continuing with the description of market structure and optimisation strategies. Subsequently, the 8 
assessment metrics are presented at the end of Section 2. Section 3 discusses the case studies considered and evaluation 9 
results are presented and discussed in section 4. In addition, we reflect on the implications of this work for the integration 10 
of electric vehicles (EVs). Finally, the conclusions are presented in section 5. 11 
2 Methodology 12 
In this research, smart energy trading is implemented to achieve economic benefits for the key stakeholders in current 13 
and future distribution systems. The main stakeholders considered are: 14 
1) End-electricity users, with uncontrollable electricity demand 15 
2) Prosumers that are able to benefit from local PV installation and BESS 16 
3) DSOs, interested in optimising the grid operation by reduced peak demand and voltage deviation.  17 
In this study, the connection of PV and stationary storage systems at the Point of Common Coupling (PCC) to the 18 
electricity grid is defined as a micro-grid. The term micro-grid in this work refers to a subsystem of decentralised 19 
generation and associated electricity loads [18]. In particular, only PV systems are considered and we assume that the 20 
micro-grid always operates in a grid-connected mode. This assumption is reasonable for moderate penetration rates of 21 
DERs as it is expected for 2030-2040 [19]. The smart operation of the micro-grid is enabled by introducing various 22 
FAMSs. We propose multiple energy management strategies, to emphasise the benefits that can be achieved with EFAs 23 
and local/micro-market approaches. Based on the FAMS and market architecture, seven scenarios are studied, as 24 
outlined in Table 1. 25 
Table 1 Summary of scenarios evaluated 26 
 Base case Centralised case Decentralised case 
Management 
strategy 





Scenario S1 S1m S2 S3 S3e S4 S4e 
BESS ✖ ✖ ✔ ✔ ✔ ✔ ✔ 
MEM ✖ ✔ ✔ ✔ ✔ ✔ ✔ 
MBM ✖ ✖ ✖ ✖ ✔ ✖ ✔ 
 27 
The base case consists of two scenarios: 28 
- S1 is the reference scenario and is characterized by no BESS and a conventional energy market. Real-time pricing of 29 
electricity representing the wholesale market price and lack of feed-in-tariff are considered in this case. 30 
- S1m is the reference scenario but with a MEM implemented for smart energy trading. MEM will be presented in more 31 
detail in the following section. 32 




The centralised case constitutes of one scenario:  1 
- S2 considers a hypothetical but plausible distributed deployment of BESSs with central management using an 2 
aggregated FAMS to manage all BESSs. 3 
Four different scenarios are considered for the decentralised case: 4 
- S3 is where distributed BESSs are deployed and owners independently manage these in order to provide grid support 5 
and reduce the variability of the net power exchange with the grid at the Point of Delivery (POD). The management 6 
strategy used in this scenario is described in Subsection 2.1.2. 7 
- S3e enhances grid support by implementing MBM through which prosumers contribute to the system balancing. 8 
Subsections 2.1.2 and 2.2.2 formalise the approach used in this scenario. 9 
- S4 is the market approach and provides an effective customer side FAMS based on prosumers’ interest. Subsection 10 
2.1.3 provides more details for the management strategy used in this scenario. 11 
- S4e enhances the market approach by implementing MBM, as in S3e, to provide a service to DSO for the benefit of 12 
the grid. Subsection 2.1.3 presents the management strategy used in this scenario. 13 
In this work, MEM represents a platform that allows consumers and prosumers to trade energy between the participants 14 
of a micro-grid. Details of the market procedures are presented in Section 2.2.1. The platform is regulated by an 15 
aggregator and the FAMS is decentralised, with prosumers controlling their EFAs. In the present research, we assume 16 
that the aggregator does not charge for its services. This is justified by the inherent benefits on the grid operation that 17 
can be achieved with the implementation of SET. The MBM on the other hand aims to increase the active regulation of 18 
the electrical system and increase the value of all DERs. More details are provided in Section 2.2.2.  Figure 1 shows the 19 
structure related to the decentralised and centralised cases.  20 
 21 
Figure 1 Schematic representation of the decentralised (a) and centralised (b) structures 22 




It can be seen from Figure 1 that prosumers are owners of EFAs, i.e. stationary storage and EVs and they make them 1 
available for energy services to an aggregator. Under the decentralised FAMS they play an active role in deciding the 2 
operation of their EFAs in order to improve their profit by engaging in MEM and MBM, and they are decision-makers 3 
with regards to the energy and balancing services provided. On the other hand, in centralised FAMS they are controlled 4 
by the aggregator. In the decentralised FAMS, the aggregator is only the regulator of the MEM and MBM and liaises 5 
with the DSO on the rules that need to be enforced on the markets. The MEM is developed to make more use of locally 6 
generated renewable energy, either via self-consumption or by other users in the local energy market, i.e. MEM. The 7 
regulator of the MEM balances the demand and supply of energy and decides the quantities exchanged in the micro-8 
grids. MBM procures flexibility from prosumers in order to avoid network congestions. This is done by issuing requests 9 
of flexibility in the MBM, in the form of demand reduction (or energy provision), and providing a remuneration for the 10 
service provision. The prosumers particapating in this service need to make their EFAs available for the contracted 11 
period in exchange of the avaialbility payment. Should actual energy exchanges take place in the contracted period, the 12 
prosumers will be provided with a futher energy payment. This makes sure that hefty network charges are avoided and 13 
additional revenue is provided to the prosumers for their flexibility. Conversely, under centralised FAMS, the aggregator 14 
collects all the information and measurements in order to decide the charging/discharging schedules of the prosumers’ 15 
EFAs. In the latter case, the prosumers only make available their assets (PV systems, EFAs) to the aggregator and agree 16 
to third-party control. In both approaches, the DSO acts as a high level regulator and reaps the benefits provided by the 17 
FAMS in terms of reduced negative impact of the distribution network. The data exchange between the different parties 18 
for decentralised and centralised FAMS is presented in Table 2. 19 
Table 2 Exchanged data in the decentralised and centralised cases 20 
Decentralised case Centralised case 
From To Data exchanged From To Data exchanged 
Micro-grid MEM 𝑃𝑛𝑒𝑡 𝑖, 𝐿𝐶𝑂𝐸𝑃𝑉 𝑖 Micro-grid Aggregator 𝑃𝑛𝑒𝑡 𝑖 
BESS (EV) MBM 𝑃𝑏𝑖 𝑚𝑎𝑥
𝑐ℎ , 𝑃𝑏𝑖 𝑚𝑎𝑥
𝑑𝑖𝑠 , 𝐸𝑏𝑖 𝑚𝑖𝑛,
𝐸𝑏𝑖 𝑚𝑎𝑥, 𝑆𝑂𝐶 
BESS (EV) Aggregator 𝑃𝑏𝑖 𝑚𝑎𝑥
𝑐ℎ , 𝑃𝑏𝑖 𝑚𝑎𝑥
𝑑𝑖𝑠 , 𝐸𝑏𝑖 𝑚𝑖𝑛,
𝐸𝑏𝑖 𝑚𝑎𝑥 , 𝑆𝑂𝐶 
MBM BESS (EV) 𝑃𝑏𝑖
𝑐ℎ(𝑡), 𝑃𝑏𝑖




It can be seen from this table that the micro-grids in the decentralised case communicates with the markets and provides 22 
both technical parameters, i.e. capacity and power limits, and prices for the services. On the other hand, under the 23 
centralised FAMS, the micro-grid communicate with the aggregator and only technical parameters are transmitted, since 24 
the prosumer does not have decisional authority over their energy exchange. 25 
Further reflections on the practical implementation of the proposed FAMS are presented here. It is clear that centralised 26 
management puts the prosumer in a secondary and more passive role; in fact, they only need to make the EFAs available. 27 
On the other hand, under decentralised management, the prosumers are in charge of their own benefits and the DSO 28 
benefits from an optimal network operation. The latter process promotes gamification which encourages user 29 
participation to the network services [20]. It should be noted that stimulus is not provided to the participation in the 30 
centralised management . The relevance of the proposed decentralised FAMS is higher than ever as DSOs are interested 31 
in procuring flexibility. In fact, a DSO in the UK is aiming to bring distribution system services to the market where 32 




prosumers can participate in flexibility procurement, capacity based pricing and Time of Use DUoS services [21]. In 1 
terms of practicability, decentralised FAMS have the advantage of requiring less onerous communication system, being 2 
safer from cyber attacks and privileging privacy compared to centralised approaches [22], [23]. Additionally, in contrast 3 
to the centralised FAMS where the computational complexity increases with the number of users, the local decision-4 
making in the case of decentralised FAMS ensures its fast response and efficient operation. These benefits make 5 
decentralised FAMS the ideal solution for the implementation of smart grids. 6 
2.1 Flexibility asset management strategies 7 
In this section, the proposed FAMS are presented and all the strategies are optimized over a period 𝑇. Three FAMS have 8 
been developed, namely centralised management, decentralised grid support and decentralised market approach for S2, 9 
S3, S3e, S4 and S4e. 10 
2.1.1 Centralised energy management 11 
In this scenario, the batteries are centrally managed by an aggregator in order to reduce the variance of the net power 12 
exchange at the PCC. Hereafter, all the variables are assumed to be constant within a time-step ∆t. The optimal batteries 13 

















𝑃𝐶𝐶(𝑡) = ∑ (𝑃𝑙𝑜𝑎𝑑𝑖(𝑡) − 𝑃𝑃𝑉𝑖(𝑡))
𝐵
𝑖=1   (2) 
0 ≤ 𝑝𝑏𝑖
𝑐ℎ(𝑡) ≤  𝑃𝑏𝑖 𝑚𝑎𝑥
𝑐ℎ    ∀𝑡 ,∀𝑏𝑖                        (3) 
0 ≤ 𝑝𝑏𝑖
𝑑𝑖𝑠(𝑡) ≤  𝑃𝑏𝑖 𝑚𝑎𝑥
𝑑𝑖𝑠    ∀𝑡 ,∀𝑏𝑖                       (4) 
𝐸𝑏𝑖 𝑚𝑖𝑛 ≤ 𝐸𝑏𝑖(𝑡) ≤ 𝐸𝑏𝑖 𝑚𝑎𝑥    ∀𝑡 ,∀𝑏𝑖                   (5) 






𝑑𝑖𝑠(𝑡)) ∙ ∆𝑡 = 𝐸𝑏𝑖(𝑡 + 1)    ∀𝑡 , ∀𝑏𝑖           (6) 
In (1), the aim is to minimise the variance of the net power exchange at the PCC, which includes the residential electricity 15 
demand of all micro-grids and the powers exchanged by the batteries, considering the underlying constraints. Equation 16 
(2) defines the net power at PCC, expressed by the sum of all the loads and generation units within the micro-grid. 17 
Equations (3) and (4) set the limits of the charge/discharge power of batteries according to the ratings of the chargers, 18 
and (5) expresses the lower and upper bound of battery capacity. Finally, (6) defines the energy stored in the battery for 19 
each time step, which depends on the power charged in/discharged from the battery within that time-step. The objective 20 
function adopted in this scenario is non-linear, therefore convex optimisation algorithms have been employed for 21 
resolving the problem [24]. 22 
2.1.2 Decentralised flexibility asset management for grid support 23 
In this scenario, locally deployed batteries are individually managed by their owners in order to reduce the variability 24 
(or variance) of their own net power exchange at point of dispatch (POD). In each bus i that has a BESS, the following 25 
problem is optimised: 26 




The objective of the problem formulated in (7) is to minimise the standard deviation of the net power exchange of the 1 
bus with the grid. It is subject to the underlying constraints, which are equivalent to the case in 2.1.1, but referring to 2 
only one battery since decentralised management is implemented. Equation (8) defines the net power at bus i without 3 
the battery and expressed as the difference between the load and the power generated by the PV system. Equations (9) 4 
and (10) express the maximum battery power during charging and discharging mode (dependent on the rating of the 5 
charger). Equation (11) controls the operation of the battery within the allowed maximum and minimum battery 6 
capacity. Equation (12) is equivalent to (6). Similar to the centralised case, convex optimisation has been employed to 7 
deal with the non-linearity of the objective function. 8 
2.1.3 Decentralised flexibility asset management with market approach 9 
In the following optimisation problem, battery owners individually manage their assets in order to minimize their own 10 
cost function. To this end, the optimisation problem has been implemented as a mixed-integer linear programming 11 






∗ (𝑡) ∙ 𝑥𝑝 𝑖(𝑡) − 𝑐𝑠 𝑖




𝑑𝑖𝑠(𝑡)) ∙ ∆𝑡]𝑇𝑡=1   (13) 
s.t.   







𝑑𝑖𝑠(𝑡) − 𝑥𝑝 𝑖(𝑡) + 𝑥𝑠 𝑖(𝑡)
= 0   ∀𝑡 
 
(14) 






𝑑𝑖𝑠(𝑡)) ∙ ∆𝑡 = 𝐸𝑏𝑖(𝑡 + 1)   ∀𝑡  
 
(15) 
𝐸𝑏𝑖 𝑚𝑖𝑛 ≤ 𝐸𝑏𝑖(𝑡) ≤ 𝐸𝑏𝑖 𝑚𝑎𝑥   ∀𝑡   (16) 
𝑝𝑏𝑖
𝑐ℎ(𝑡) ≤  𝑃𝑏𝑖 𝑚𝑎𝑥
𝑐ℎ ∙ 𝑘𝑏𝑖
𝑐ℎ(𝑡)   ∀𝑡                     (17) 
𝑝𝑏𝑖
𝑑𝑖𝑠(𝑡) ≤  𝑃𝑏𝑖 𝑚𝑎𝑥
𝑑𝑖𝑠 ∙ 𝑘𝑏𝑖
𝑑𝑖𝑠(𝑡)   ∀𝑡                    (18) 
𝑘𝑏𝑖
𝑐ℎ(𝑡) + 𝑘𝑏𝑖
𝑑𝑖𝑠(𝑡) ≤ 1   ∀𝑡   (19) 






(𝑃𝑛𝑒𝑡 𝑖(𝑡) + 𝑝𝑏𝑖









𝑃𝑛𝑒𝑡 𝑖(𝑡) = 𝑃𝑙𝑜𝑎𝑑𝑖(𝑡) − 𝑃𝑃𝑉𝑖(𝑡)  (8) 
0 ≤  𝑝𝑏𝑖
𝑐ℎ(𝑡) ≤  𝑃𝑏𝑖 𝑚𝑎𝑥
𝑐ℎ   ∀𝑡    (9) 
0 ≤  𝑝𝑏𝑖
𝑑𝑖𝑠(𝑡) ≤  𝑃𝑏𝑖 𝑚𝑎𝑥
𝑑𝑖𝑠   ∀𝑡 (10) 
𝐸𝑏𝑖 𝑚𝑖𝑛 ≤ 𝐸𝑏𝑖(𝑡) ≤ 𝐸𝑏𝑖 𝑚𝑎𝑥  ∀𝑡 (11) 







𝑑𝑖𝑠(𝑡)) ∙ ∆𝑡 = 𝐸𝑏𝑖(𝑡 + 1)  ∀𝑡 
(12) 




𝑥𝑠 𝑖(𝑡) ≤  𝛼 ∙ 𝑘𝑠 𝑖(𝑡)   ∀𝑡                              (21) 
𝑘𝑝 𝑖(𝑡) + 𝑘𝑠 𝑖(𝑡) ≤ 1   ∀𝑡                             (22) 
Equation (13) expresses the cost function to be minimised, where the energy to be purchased or sold in each time-step 1 
is evaluated based on the corresponding forecasted cost of energy for the same time. On the other hand, the charge and 2 
discharge of the battery has a cost that depends the incurred degradation. Equation (14) expresses the load and supply 3 
balance of the single household at time step t, where the net power from residential electricity demand, PV generation, 4 
powers exchanged by the BESS and powers bought/sold from/to the local markets are considered. Equation (15) define 5 
the energy stored in the battery, equation (16) limits the energy stored to the battery capacity, whereas (17) and (18) set 6 
the maximum charge and discharge power of the battery. As in [25], the binary variables in (9), 𝑘𝑏𝑖
𝑐ℎ and 𝑘𝑏𝑖
𝑑𝑖𝑠, are 7 
introduced as charge and discharge mode of the battery and hence, they cannot coexist, which is ensured by equation 8 
(19). The parameter α defined for the MILP problem in (20) and (21) is an arbitrary value that is larger than 𝑥𝑝 𝑖 and 9 
𝑥𝑠 𝑖, and is set to 1000. Equation (22) ensures that selling and purchasing of electricity do not coexist in the same time 10 
step. 11 
2.2 Micro market 12 
The proposed micro market is applied to the decentralised management and it is implemented in a platform coordinated 13 
by an aggregator. The market comprises two separated sections: one to allow smart energy trading and the other to allow 14 
capacity trading (MBM, reserved to prosumers that have BESSs).  15 
2.2.1 Micro energy market: peer-to-peer trading 16 
The proposed MEM platform allows prosumers to trade their surplus energy with other prosumers/users within the 17 
micro-grid. The market runs at every time step and enables smart energy trading at a price that could differ from the 18 
retail price. In the event of generation surplus, the market price will be set to a value lower than the spot price. Electricity 19 
consumers (users) communicate the power they need to buy, whereas each prosumer, after having calculated their net 20 
power, communicates the prospective energy they intend to trade. The submitted energy demands are cumulated under 21 
a demand curve that is assumed inelastic, and offers of energy are placed in ascending price order. The DSO is always 22 
the last participant in the marked and is assumed to have unlimited capacity. Finally, the equilibrium in the market is 23 
found and the market-clearing price (MCP) is determined, as shown in Figure 2, where the total PV+BESS generation 24 
within the micro-grid is lower than the total demand. This represents the trading price, set for the buyers and sellers in 25 
the MEM. If any energy offer is not sold within the MEM, it is purchased by the DSO at a price lower than the clearing 26 
price. In particular, the price paid for this energy (𝐶𝑡𝑟𝑎𝑑𝑒
𝐷𝑆𝑂 =0.046 £/kWh) has been computed as the average of day ahead 27 
baseload contracts (reported by the UK’s appointed independent regulatory authority, the Office of Gas and Electricity 28 
Markets, Ofgem, for 2017/2018) and is reduced by a 10% administrative fee as in [26]. The spot price offered in the 29 
market by the DSO is a RTP that reflects the trend of the N2EX Day Ahead Auction Prices (UK power market price), 30 
scaled to the average price of 0.16 £/kWh. This value is based on the average variable unit price of electricity in UK 31 
(0.158 £/kWh), reported by the UK’s Office for National Statistics [26].  32 





Figure 2 Example of the MEM configuration for a time step 2 
2.2.2 Micro balancing market: congestions and contingencies balance  3 
The proposed MBM is an additional platform where prosumers can subscribe the capacity of their batteries to the 4 
aggregator. The battery owners may commit all or a part of their total battery capacity in the negotiated time steps. This 5 
helps to balance the grid in case of contingencies or congestion, or any unforeseen events that need extra power. Under 6 
this strategy, equation (16) is modified as follows. 7 
𝐸𝑏𝑖 𝑚𝑖𝑛 +  𝐸𝑏𝑖 𝑀𝐵𝑀 ≤ 𝐸𝑏𝑖(𝑡) ≤ 𝐸𝑏𝑖 𝑚𝑎𝑥   ∀𝑡  (23) 
Where Ebi MBM, represents the energy committed by prosumer 𝑖 to the MBM, which augments the minimum battery 8 
capacity limit in order to reserve energy for the MBM. The prosumers participating in MBM make their EFAs available 9 
during the agreed period for the subscribed capacity. In case of contingencies, i.e. unforseen demand spikes, the 10 
aggregator requests power provision from the available assets that can help solving the contingency. Naturally, the assets 11 
that can contribute to solving the issue are those that are downstream the line where the congestion originated. A 12 
practical demonstration of this operation will be provided in section 4.1 13 
MBM providers are payed availability (per kW committed for all the commitment hours) and utilisation rates for the 14 
actual energy exchanged. In this work, the contracted prices have been set to 0.0043 £/kW/h for availability and 0.14228 15 
£/kWh for utilisation. These values are set based on the average contracted price in the short-term operation reserve 16 
given in annual market report 2016/17 for the UK [27]. Further, a total of 275 interventions/year is considered in the 17 
analysis (as reported in [27]). MBM is crucial in ensuring a reliable operation of the grid, by ensuring that voltages and 18 
currents remain within the respective statutory limits. In fact, in case of a feeder overloading, only the BESSs contracted 19 
under MBM can provide energy locally to mitigate the contingency. The crucial role of MBM will be further evidenced 20 
in section 4.3 where the operation under contingency will be simulated.  21 
2.3 Real-time optimisation 22 
The real-time optimal scheduling of BESSs proposed in section 2.1 is implemented with a rolling window of length T, 23 
where T is the number of time steps. For this study, Δt=1 hour resolution and T=24 time steps have been chosen in order 24 
to cover a full day. This resolution is chosen to align with the market clearing time. As will be seen in the upcoming 25 
sections, the methods proposed in this work are computationally efficient and can be readily adapted to simulations with 26 
higher resolution, such as time steps of minutes or seconds. A graphical representation of the concept of the rolling 27 
window is shown in Figure 3. The measurements and predictions of the electricity demand and PV generation are used 28 




to execute this process. In the first, and current time step t of the rolling window, measurements of the electricity demand 1 
and PV generation are available. On the contrary, for the remaining time steps, t = t+1, …, T, the aforementioned 2 
parameters are forecasted. Subsequently, an optimisation is performed over the whole window and only the scheduling 3 
for the first time step is executed. Consequently, for the following time step t=t+1, the horizon window slides one step 4 
forward and the process is repeated again. 5 
 6 
Figure 3 Schematic representation of the rolling window operation 7 
2.3.1 PV generation forecast model 8 
In our work, a feed-forward neural network with 2 layers and 12 neurons in the hidden layer is proposed to forecast the 9 
solar PV generation [28]. The input vector is composed of 49 elements: Global horizontal irradiation “1-24”, air 10 









Equation (24) presents a sinusoidal cycle through a calendar year with the maximum value at mid-year and the minimum 12 
value at the beginning and end of the year, which provided a reference to the ANN of the solar irradiation throughout 13 
the year. To evaluate the performance of the forecast some performance metrics are used, such as correlation coefficient 14 
(R), Mean Absolute Error (MAE), and Root Mean Square Error (RMSE) [29]. The correlation coefficient of the 15 
Artificial Neural Network (ANN) resulted as 94.67%, the mean absolute error being 4.63% and RMSE of 6.50%. 16 
2.3.2 Household electricity load forecast model 17 
The forecast of the household’s electricity demand is carried out using (25).  18 
𝑃∗(𝑡) =  (1 + 𝑅{−1; +1} ∙ 𝑒𝑓) ∙ 𝑃(𝑡) + 𝑒𝑔(𝑡)   (25) 
The real values 𝑃(𝑡) are used to simulate the forecasted value 𝑃∗(𝑡) with a random error of ±𝑒𝑓. The value of 𝑒𝑓 used 19 
is 10%. Subsequently, a Gaussian error 𝑒𝑔(𝑡) with a mean value 𝜇 = 0 and a standard deviation 𝜎 = 10% 𝑃(𝑡) is 20 
further added, as set out in [30]. It must be pointed out that for real-life applications, information on the past demand 21 
patterns should be collected and a forecast based on that should be performed. 22 
2.4 Assessment metrics 23 
This section presents the various metrics that quantify the techno/economic benefits of different scenarios. To evaluate 24 
the results from an economic point of view, two cost parameters, one for the customers and one for the DSO are defined 25 
as: 26 








𝐷𝑆𝑂 + 𝐸𝑙𝑜𝑠𝑠𝑒𝑠𝑖(𝑡) ∙ 𝐶𝑙𝑜𝑠𝑠𝑒𝑠(𝑡) − 𝑅𝑏𝑖
𝑀𝐵𝑀 𝐴(𝑡) − 𝑅𝑏𝑖
𝑀𝐵𝑀 𝐸(𝑡) 
                    
(26) 





𝐶𝐷𝑆𝑂(𝑡) = 𝐸𝑏𝑢𝑦(𝑡) ∙ (𝐶𝑡𝑟𝑎𝑑𝑒
𝐷𝑆𝑂 − 𝐶𝑠𝑒𝑙𝑙
𝑎𝑣𝑒𝑟𝑎𝑔𝑒
) − 𝐸𝑠𝑒𝑙𝑙(𝑡) ∙ (𝐶𝑠𝑒𝑙𝑙𝑖𝑛𝑔
𝑝𝑟𝑜𝑓𝑖𝑡
) + 𝐶𝑀𝐵𝑀(𝑡) 
 
(27) 
Subsidy schemes for renewable energy generation or any other incentives are not considered in this study. In equation 1 
(26), the PV generation is valued at the levelised cost of energy (𝐿𝐶𝑂𝐸𝑃𝑉𝑖) of the installation. Prosumers with BESS 2 
incur the cost of battery degradation, which has been quantified as 𝐶𝑏𝑖
𝑑𝑒𝑔𝑟
. The energy purchased and sold in the MEM 3 
are valued at the MCP while the energy sold to the DSO receives a different remuneration 𝐶𝑡𝑟𝑎𝑑𝑒
𝐷𝑆𝑂 . Subsequently, the 4 
term 𝐸𝑙𝑜𝑠𝑠𝑒𝑠𝑖(𝑡) is determined and AC power flow is computed. The losses for the i
th bus are a proportion of the total 5 
network losses. This term is calculated by splitting the total losses in proportion to the use of the grid, i.e. proportional 6 
to the net power exchange at the POD of bus i. The losses are valued at the spot price in the same time step. In addition, 7 
the prosumer receives a payment for making part of their flexibility available in the MBM, and an energy payment for 8 
the any actual utilisation. Regarding (27), it is assumed that the DSO has a profit of 𝐶𝑠𝑒𝑙𝑙𝑖𝑛𝑔
𝑝𝑟𝑜𝑓𝑖𝑡
= 0.02 £/kWh  on every 9 
kWh sold to customers. On the other hand, the surplus energy purchased from the micro-grid at 𝐶𝑡𝑟𝑎𝑑𝑒
𝐷𝑆𝑂  is assumed to be 10 
sold at an average price of 𝐶𝑠𝑒𝑙𝑙
𝑎𝑣𝑒𝑟𝑎𝑔𝑒
= 0.16 £/𝑘𝑊ℎ. Finally, the DSO incurs costs related to the MBM, which is 11 
represented by the sum of the availability and energy payments for all the participating prosumers. 12 
To assess the performance of the scenarios, the technical assessment metrics for Self-Consumption (SC) and Self-13 
Sufficiency (SS) calculated at the POD are defined by (28) and (29), and at the PCC by (30) and (31).  14 
𝑆𝐶𝑃𝑂𝐷𝑖 =  
∑ 𝑚𝑖𝑛(𝑃𝑃𝑉𝑖(𝑡) , 𝑃𝑙𝑜𝑎𝑑𝑖(𝑡)+𝑝𝑏𝑖
𝑐ℎ(𝑡))𝑡
∑ 𝑃𝑃𝑉𝑖(𝑡)𝑡
              
(28) 
 
𝑆𝑆𝑃𝑂𝐷𝑖 =  





𝑆𝐶𝑃𝐶𝐶 =  
∑ 𝑚𝑖𝑛(∑ 𝑃𝑃𝑉𝑖(𝑡)
𝐵





          
(30) 
𝑆𝑆𝑃𝐶𝐶 =  
∑ 𝑚𝑖𝑛(∑ 𝑃𝑃𝑉𝑖(𝑡)
𝐵





  (31) 
The SC [equations (28) and (30)] is the ratio between the energy directly consumed from the PV plants that directly 15 
consumed and the overall PV generation. The SS [equations (29) and (31)] is the ratio between the energy directly 16 
consumed from the PV plants over the total demand of the overall system.  17 
Additional parameters are utilised in order to assess the benefits of the proposed FAMS for the distribution network. 18 
The standard deviation of the net power exchanged at PCC, namely parameter 𝑆𝑡𝑑 𝑃𝑛𝑒𝑡
𝑃𝐶𝐶, has been calculated given the 19 
value obtained in equation (1). The total losses of the network and voltage profiles of different nodes are the results of 20 
the corresponding AC power flow. The standard deviation of the voltage at bus 19 (as shown in Figure 5), 𝑆𝑡𝑑 𝑉19, is 21 
calculated by Equation (32). 22 











where 𝑉19(𝑡) is the voltage at bus 19 at time 𝑡. Bus 19 is chosen in this study since it locates at the end of the feeder and 1 
hence represents the worse case scenario. The maximum electricity demand, 𝑃𝑚𝑎𝑥
𝑃𝐶𝐶, and the maximum reverse power 2 
flow, 𝑃𝑅 𝑚𝑎𝑥
𝑃𝐶𝐶 , at PCC are calculated in Equations (33) and (34), respectively. 3 
𝑃𝑚𝑎𝑥
𝑃𝐶𝐶 = max{𝑃𝑛𝑒𝑡
𝑃𝐶𝐶(𝑡)}   (33) 
𝑃𝑅 𝑚𝑎𝑥
𝑃𝐶𝐶 = −min{𝑃𝑛𝑒𝑡
𝑃𝐶𝐶(𝑡)}  (34) 
where 𝑃𝑛𝑒𝑡
𝑃𝐶𝐶(𝑡) is the net power exchanged at PCC at time 𝑡.  4 
3 Case study 5 
In this section, the proposed FAMS have been applied to a comprehensive case study to investigate the benefits and 6 
drawbacks of decentralised management strategies and compare to a centralised approach. The optimisation strategies 7 
proposed in Section 2.1 and 2.3, coupled with the local market frameworks developed in Section 2.2 will be applied to 8 
a typical distribution network. A flow diagram detailing the procedures for the simulations is shown in Figure 4. 9 
 10 
















1: for t ← 1 to (T) do 
2: Aggregator receives information 
from flexibility assets 
Eb i(t),  Eb i  max , Eb i  min , Pb i  max
ch , 
Pb i  max
dis , ηb i
ch , ηb i
dis  
3: Aggregator receives prediction of 
future electricity demand data and 
PV generation 
4: Apply rolling window optimisation 
applying equation (1) 
5: Implement the schedule for current 
time step t 
6: Update the status of flexibility 
assets 
7: end for 
Decentralised FAMS for grid support 
1: for t ← 1 to (T) do 
2: Each micro-grid has information on 
future electricity demand data and 
PV generation and status of their 
flexibility assets 
3: Apply rolling window optimisation 
applying equation (7) 
4: Implement the schedule for current 
time step t 
5: Update the status of flexibility 
assets 
6: end for 
Decentralised FAMS with 
market approach 
1: for t ← 1 to (T) do 
2: Each micro-grid has 
information on future 
electricity demand data 
and PV generation and 
status of their flexibility 
assets 
3: Reserve capacity for 
MBM with equation (23) 
4: Implement predictive 
optimisation (13) to 
determine powers 
bought/sold in MEM and 
schedule of flexibility 
assets 
5: Implement the schedule 
for current time step t 
6: Update the status of 
flexibility assets 
 With submitted offers find 
market equilibrium in 
MEM  
7: Utilise the required MBM 
capacity to solve 
contingencies 











3.1 Residential LV distribution grid 1 
The proposed method is applied to a Low Voltage (LV) feeder of a typical UK distribution network model [31]. To 2 
simplify the analysis, a single-phase equivalent circuit is considered. This approach can be extended to consider an 3 
unbalanced three-phase system. However, as the aim of the this paper is to investigate decentralized energy management 4 
considering a market approach, an the unbalanced operation is outside the scope of this research. As shown in Figure 5, 5 
19 households are connected to this network, where 8 have solar rooftop PV plant and 4 of them also have stationary 6 
BESSs. The bus at the substation transformer (corresponding to the PCC) is assumed as slack bus and its voltage is fixed 7 
at 1pu. The PODs correspond to the connection points of the buses to the grid. Both active and reactive power flows are 8 
considered with a power factor pf=0.9 (for every residential load). The PV output and power exchanged with BESS are 9 
assumed to have pf=1. 10 
 11 
Figure 5 Schematic representation of a typical LV power distribution network. 12 
 13 
3.2 Load and photovoltaic profiles 14 
The generation profile of the PV system is the result of a one-year metering (2017) on a real rooftop solar PV system 15 
installed in a household located in the East Midlands of the UK. The daily household demand profiles are obtained from 16 
the Centre for Renewable Energy Systems Technology (CREST) demand model tool [32]. Therefore, for each of the 19 17 
households of the network in Figure 5 and for each simulated day, a daily electricity demand profile is generated. An 18 
average number of 3 residents in the houses is chosen. The overall scenario considers 6 houses with 2 residents, 7 houses 19 
with 3 residents, 4 houses with 4 residents and 1 house with 5 residents, and they are all randomly distributed.  20 
3.3 PV plants and BESSs: specifications 21 
The PV systems and BESSs deployed in the distribution network are assumed to have same size and characteristics. The 22 
system specifications for all the network components are reported in Appendix A. An average PV installation price of 23 
1840 £/kWp and a median value of 1700 £/kWp is adopted, which is in line with the UK government values [33]. 24 
Therefore, a range of prices between 1600 and 1900 £/kWp is chosen to give a variability to the levelised cost of energy 25 
(LCOE). Along with this an operation and management (O&M) cost of 18 £/kWp/year [34] and an expected economic 26 
system lifetime of 30 years are selected [35],[36]. An average degradation rate of 0.5% per year is considered for this 27 
paper [36]. Finally, a 4% nominal weighted average cost of capital (WACCnom),as suggested in [34], and a fixed inflation 28 
of 2.20% is chosen for the LCOE calculation. This inflation value is the computed average of the historic inflation rates 29 
of the last 10 years for the UK [37]. This is a reasonable value considering that the inflation rate in 2017 was about 2.7% 30 




and in 2018 was 2.5% [38],[39]. However, recent projections show a decreasing trend for the near future [40]. Readers 1 
are directed to [34] for the definition of LCOE and WACCreal.  2 
To account for the degradation of residential stationary BESS, current prices and future cost projections are investigated. 3 
Only stationary Li-ion batteries are considered in this study. Future trends are generated from the literature data about 4 
the expected market growth and the learning rate [41]-[48].  Finally, current and future installation costs (10 and 20 5 
years), resulting from the projections, are reported in Appendix A. The economic lifespan of the BESSs is taken as 10 6 
years, and it is assumed that they perform at their best during this period. To quantify the cost of degradation, 5000 7 
charge/discharge cycles are considered. A final average degradation cost of 0.028 £/𝑘𝑊ℎ is obtained, and a 8 
conservative degradation cost of 𝐶𝑏𝑖
𝑑𝑒𝑔𝑟
= 0.03 £/𝑘𝑊ℎ is used for this study. This is in line with the current market 9 
practices, as some manufacturers already give 10 years or 10000 cycles warranty on their batteries (with an expected 10 
residual capacity of 80%) [49].  11 
3.4 Simulation time-periods 12 
A time span of June 2017 and December 2017 has been chosen for the simulations since it correspond to the duration 13 
of maximum and minimum generation of the analyzed PV system. For each month, the simulation is run for an 8 days 14 
period. The various scenarios presented at the beginning of Section 2 are simulated. The results and a comparative 15 
analysis will be presented in the subsequent section. 16 
For those scenarios where the MBM is present, the contracts are stipulated for periods where critical operation can 17 
happen. In this study, a minimum SOC of 0.2 for all the BESS in the grid is reserved for the MBM from 4.0 pm to 11.0 18 
pm. All the simulations are carried out using Matlab software (version R2018a), on a PC with 3.5 GHz AMD PRO A4-19 
8360B and 8 GB RAM. Two different solvers are employed for the optimisation. The nonlinear programming solver 20 
‘fmincon’ [50] performing interior point algorithm for S2 and S3. The other is mixed-integer linear programming solver 21 
‘intlinprog’ for S4 [51].  22 
4 Results and discussion 23 
As the aim of this work is to conduct a techno-economic analysis for the evaluation of different BEMS from the 24 
viewpoint of involved stakeholders, the considered scenarios are compared using the following criteria: 25 
Technical assessment: 26 
- The net power exchange at PCC: Total value, mean value and standard deviation 27 
- Total micro-grid losses 28 
- Voltage at the farthest bus (bus 19): magnitude and standard deviation 29 
- Maximum demand peak power and reverse peak power flow at PCC  30 
- SC and SS at POD and PCC level  31 
Economic assessment: 32 
- Economic benefit 33 




4.1 Comparison of scheduling strategies 1 
Figure 6 depicts the overall electricity demand profile, PV generation profiles and transformer loading at the PCC (see 2 
Figure 5), under S1, for 8 days in June. Considerable reverse power flow can be noticed, which is due to the excess PV 3 
generation for the summer month. The peak of electricity demand exceeds 15 kW, in the second and last day. 4 
 5 
Figure 6 PCC measurements for S1 in June 6 
Figure 7 shows the overall electricity demand, PV generation, battery profiles, as well as the transformer load, under S3 7 
for the same days as depicted in Figure 6. Significant improvements can be seen both in terms of reverse power flow 8 
(the maximum is just over 10 kW compared to the previous 13 kW) and peak demand (both the second and the last days 9 
are not well below 10 kW). 10 
 11 
Figure 7 PCC measurements for S3 in June 12 




Moreover, the different operation of BESS with and without MBM can be noticed in Figure 8, where in accordance with 1 
equation (23), BESSs retain a 20% of their full capacity for the MBM, leaving the remaining 80% for trading in MEM. 2 
 3 
Figure 8 SOC of BESSs under S4 and S4e in June 4 
4.2 Evaluation of Technical performance 5 
Results from the simulation of grid under different scenarios are presented for the month of June 2017. From the initial 6 
analysis, it seems that the total and mean value of 𝑃𝑛𝑒𝑡
𝑃𝐶𝐶and the mean value of voltage magnitude at bus 19 are same in 7 
all the scenarios. Thus, they are not of the interest to draw comparative conclusions and hence, they are no longer 8 
discussed. Instead, Figure 9, focusses on  the standard deviation of the net power at the PCC for the different scenarios 9 
as clear differences are identified. The standard deviation of 𝑃𝑛𝑒𝑡
𝑃𝐶𝐶 for S2, S3 and S4 is lower compared to S1. Especially, 10 
better results are obtained in S2, thanks to a wide view on the entire state of the grid given by the central management. 11 
The better redistribution of power flows within the micro-grid due to the use of batteries reduces the total micro-grid 12 
losses. The standard deviation of the voltage magnitude at bus 19 also presents a similar trend. It is visible that S2 13 
performs better from a DSO point of view under all the assessment criteria. The S3 on the other side also brings grid 14 
relief, but to a lesser extent, since the FAMS is performed as a decentralised case. Regarding the 𝑃𝑚𝑎𝑥
𝑃𝐶𝐶, it can be noticed 15 
that for S4, the management of batteries does not allow lowering the peak of demand. Under scenario S3, there is 16 
maximum peak demand reduction, as the central controller is aware of the electricity demand profile for the whole 17 
micro-grid.  Finally, the reverse power flow at PCC is evaluated and even though S2 is the best performing, S3 and S4 18 
also show considerable reverse power flow reduction.  19 





Figure 9 Comparison of main metrics for different scenarios for the month of June 2017 2 
A similar analysis is carried out for December 2017. June and December are chosen as representatives to reflect the 3 
extreme seasonal variations. The difference between these two months can be seen in Figure 9 and Figure 10 from the 4 
parameters 𝑃𝑚𝑎𝑥
𝑃𝐶𝐶 and 𝑃𝑅 𝑚𝑎𝑥
𝑃𝐶𝐶 , which represent the maximum electricity demand and maximum reverse power flow at 5 
PCC, respectively. To be more specific, 𝑃𝑅 𝑚𝑎𝑥
𝑃𝐶𝐶  for June (Figure 9) under S1 is 12.7 kW, while in December (Figure 6 
10), this is only 2.3 kW, indicating that in June there is considerably higher PV generation. Conversely, 𝑃𝑚𝑎𝑥
𝑃𝐶𝐶 in 7 
December is 20.76 kW under S1, whereas the same parameter is 15.6 kW in June, denoting a higher electricity 8 
consumption in winter. In general, net power in winter is more than double of the volume with respect to the period in 9 
June. Even for this case, the total and mean values of 𝑃𝑛𝑒𝑡
𝑃𝐶𝐶 are the same for all the scenarios, so therefore we do not 10 
present any figure here on this. However, the average voltage magnitude for S2, S3 and S4 improves slightly (0.2%) as 11 
compared to S1. Since they are not useful for a further comparative discussions, they are no longer considered. All the 12 
other results obtained for this case are presented in Figure 10. Likewise June, similar conclusions can be derived. Due 13 
to a higher household energy demand, the losses are much higher than the period of June. The results confirm the better 14 
performances of scenario S2 over scenario  S3, thanks to the wider view of the management strategies of the batteries. 15 
S4 gives lower benefits with regards to the network parameters. In this case, the adopted FAMS with market approach 16 
is unable to decrease considerably the peak power demand at the PCC and it does not reduce the reverse power flow. 17 
This is because the price signals are not always coincident with the household peak demand. Thus, the reverse power 18 
flow is finally eliminated in the S2 scenario. 19 





Figure 10 Comparison of main metrics for different scenarios for the month of December 2017 2 
The results presented above in Figure 6-Figure 10 are obtained by using different FAMS that characterize the scenarios 3 
aimed to optimize different functions, and imply different batteries utilisation. Therefore, in June the BESSs are used 4 
for an average of 2.19, 1.45 and 1.19 cycles/day for scenarios S2, S3 and S4, respectively. Similarly, the utilisation in 5 
December is 2.03, 1.54 and 1 cycles/day. The centralised management strategy exploits the BESSs more for the benefit 6 
of the grid. In fact, the results obtained show that S2 is the scenario that ensures the highest grid relief. 7 
Other aspects to be considered are the SC and SS. Table 3 shows the average value of these parameters computed at 8 
POD and PCC. Since S2 employs centralised management, SC and SS at a house level are not relevant; therefore, they 9 
are omitted here. Analyzing the two decentralised scenarios, it is clear that S3 is able to increase the SC and SS more 10 
than S4. The is due to the fact that the FAMS in S4 are driven by price signals, while under S3, as specified by equation 11 
(7), the objective is to reduce the variance of the net power profile of each household. The latter implies that both 12 
excessive power consumption (positive power exchange) and excessive power generation from PV (negative power 13 
exchange) are penalized, which leads to both improved SC and SS. At the PCC, S2 performs better than S3 and S4, both 14 
in June and December, since the aggregator has a global view on the entire grid. This fact is meaningful since it increases 15 
the energy autonomy of the micro-grid that may deliver social, financial and environmental benefits. 16 
 17 
Table 3 Self-consumption and self-sufficiency computed at POD level and PCC level 18 
  
 June December 
  
 S1 S2 S3 S4 S1 S2 S3 S4 
POD 
level  
SC 36.82% / 53.44% 48.86% 57.69% / 91.26% 58.08% 
SS 49.64% / 72.20% 65.89% 17.59% / 28.17% 17.72% 
PCC 
level 
SC 71.49% 79.31% 77.22% 75.66% 98.78% 100% 99.86% 98.78% 
SS 43.14% 47.86% 46.60% 45.65% 13.71% 13.88% 13.86% 13.71% 
  19 
4.3 Evaluation of economic impact 20 
This subsection presents the economic analysis for S1, S3 and S4, as the economic profitability of S2 could only be 21 
assessed on a case-to-case basis and therefore is beyond the scope of this paper. For the analysis of S2, additional 22 
information regarding the investment, ownership and operation of batteries is required. 23 




The first analysis determines the most beneficial scenario from the customers’ perspective. Results regarding the total 1 
cost are shown in Figure 11. For the comparative analysis, all the results are referred to Scenario S1, which is scaled to 2 
100. The MEM is beneficial for all the customers in every scenario. Although prosumers have the highest benefits from 3 
the introduction of a MEM, the electricity consumers also take advantage from it by purchasing the electricity from the 4 
MEM at a lower price as compared to the utility price. This agrees with other results in the literature [8],[10],[12]. 5 
Prosumers with PV installations can achieve higher electricity bill reductions, since they have a lower LCOE than the 6 
prosumers owning both PV and BESS. However, it should be pointed out that with a high penetration of RES there 7 
would be significant reverse power flow if BESSs are not in place. Since the cost of degradation of the battery is included 8 
in the objective function, a reduction in the total cost means that the BESS repays itself. It can be seen that scenario S4 9 
is best from a customer point of view. Whereas it may be expected for prosumers to own a battery, since the management 10 
strategy in this scenario aims to minimize a cost function, the same cannot be said for the other electricity users. Finally, 11 
the introduction of the MBM in S3e and S4e adds a source of income for those who have a BESS without significantly 12 
affecting the benefits of the other customers. The slight increment of expenditure for the other customers in S4e is 13 




Figure 11 Customers’ expenditures for different scenarios compared to S1 (S1=100) 18 
In Figure 12, S3 and S4 are compared to S1m (which is scaled to 100). Using the MEM, the expenditure of simple users 19 
and users with PV systems do not change significantly in all scenarios. However, the change in the expenditure of 20 
prosumers equipped with a BESS is considerable. It is important to note that the presence of the battery in S3 results in 21 
a higher cost of 0.8%, which means that S3 will not encourage installations of BESS in future MEM. Therefore, some 22 
incentives would be required to make the economic case profitable for the prosumers. The introduction of the MBM 23 
(S4e), which adds an additional source of income as can be seen in Figure 8, could be a good option to lower the energy 24 
bill and incentivize new BESS installations. Therefore, it can be concluded that S4 is the best scenario from the point of 25 
view of customers while S3 requires some incentives to stimulate new BESSs installations. In addition, although from 26 
the DSO perspective S3 is the best approach for a decentralised BESSs management; however, this requires additional 27 
incentives to encourage the participation of prosumers. 28 





Figure 12 Customers' expenditures for different scenarios compared to S1m scenario (S1m=100) 2 
The DSO’s profit for the various case scenarios is presented in Table 4. As mentioned earlier, the economic evaluation 3 
of S2 is beyond the scope of this paper, therefore only scenarios S1, S1m, S3, S3e, S4 and S4e are analyzed here (for 4 
June and December together). The data in Table 3 refers to the items of the economic assessment in (27). The first row 5 
represents the energy provided by the DSO to the customers, and the second row shows the surplus energy purchased 6 
by the DSO from the micro-grid. In the second block, the profits and costs related to the energy purchased and sold by 7 
the DSO are presented. Finally, all the cost/revenue elements are shown in the third block and the total profit of the DSO 8 
in the last. 9 
Table 4 DSO's profit for different scenarios 10 
 S1 S1m S3 S3e S4 S4e 
𝐸𝑠𝑒𝑙𝑙 (kWh) 2291.819 2291.819 2241.973 2243.835 2256.879 2262.688 
𝐸𝑏𝑢𝑦 (kWh) 672.40 254.77 204.52 204.73 219.83 222.44 
𝐶𝑠𝑒𝑙𝑙𝑖𝑛𝑔
𝑝𝑟𝑜𝑓𝑖𝑡
 (£/kWh) 0.02 0.02 0.02 0.02 0.02 0.02 
𝐶𝑡𝑟𝑎𝑑𝑒
𝐷𝑆𝑂  (£/kWh) 0.046 0.046 0.046 0.046 0.046 0.046 
𝐶𝑠𝑒𝑙𝑙
𝑎𝑣𝑒𝑟𝑎𝑔𝑒
 (£/kWh) 0.16 0.16 0.16 0.16 0.16 0.16 
Profit from 𝐸𝑠𝑒𝑙𝑙 (£) 45.836 45.836 44.839 44.877 45.138 45.254 
Expense from 𝐸𝑏𝑢𝑦 (£) -30.930 -11.719 -9.408 -9.418 -10.112 -10.232 
Revenue from 𝐸𝑏𝑢𝑦 (£) 107.584 40.763 32.723 32.757 35.173 35.590 
Expense for MBM (£) / / / -3.42 / -3.42 
Total profit (£) 122.49 74.88 68.15 64.80 70.20 67.19 
  11 
As expected, the results show that S1 ensures the highest income for the DSO. However, this scenario may necessitate 12 
grid reinforcement to ensure sufficient grid capacity and a reliable electricity provision. It should be noted that under 13 
this scenario, reverse power flow and voltage variability are at their highest levels. Further, it is assumed that DSO can 14 
sell all the energy purchased from the MEM outside the micro-grid, which is not guaranteed. The presence of the MEM 15 
in S1m reduces considerably the volume of energy purchased from the micro-grid since part of the energy is now traded 16 
between prosumers and consumers. Having batteries in S3 and S4 further reduces the volume of energy purchased from 17 
the micro-grid (since BESS increases the SS at PCC level). Accordingly, the total revenue is decreased. Note that S4 18 
leads to a higher revenue for the DSO as compared to S3. In addition, the presence of the MBM reduces the DSO’s 19 




revenues once again, but it encourages prosumers participation and avoids keeping expensive peak-plants on standby 1 
(to provide for contingencies).  2 
From the results presented in the current section and Section 4.2, it appears that the centralised management in S2 3 
achieved the best network operation. However, as discussed in Section 2, centralised management has severe drawbacks, 4 
in particular the lack of financial incentives in comparison to the decentralised approach. Additionally, the users under 5 
S2 are deprived of the right to manage their own assets and their interests are not fully pursued. In contrast, the 6 
decentralised FAMS provide the users with a higher degree of engagement as well as better economic benefits. In fact, 7 
S4 (market approach) attains the lowest cost for all customers (prosumers and conventional). Moreover, S4 achieves 8 
both demand and reverse power flow reduction compared to S1, as shown in Figure 9. Hence, a market approach (i.e. 9 
S4) is desmonstrated to promote the utilisation of flexibility, reward the participants with a higher return, and improve 10 
the grid operation. 11 
To demonstrate the capability of BESSs to deal with congestions, an unforeseen congestion was created in a way that 12 
the voltage magnitude at some buses dropped below the threshold of 0.94 pu. In addition, the current in the section ‘a-13 
b’ of the network in Figure 5 exceeded the maximum capability of the feeder. The corresponding results for the scenarios 14 
S4 and S4e are presented in Table 5. The simulation indicated that distributed BESS with the presence of MBM could 15 
deal with these events and maintain the grid quantities (voltage and current magnitude) within the allowed range. 16 
Therefore, they can reduce over-capacity required from the distribution grid to face unexpected contingencies. Note that 17 
a distributed injection of power in the opposite direction of the congestion in the section ‘a-b’ is the only way to solve 18 
it. 19 
Table 5 Quantities of the grid in the presence of an unforeseen congestion for scenarios S4 and S4e 20 




S4e (✔ MBM) 
16 0.9382 0.9410 
17 0.9377 0.9405 
18 0.9375 0.9402 





S4e (✔ MBM) 
a-b 1.010 0.9639 
 21 
Finally, it is worth pointing out that centralised management requires higher communications and computational costs 22 
and provides lower flexibility and reliability as compared to decentralised management [14]. In fact, the computational 23 
time to upload data and perform the optimisation problem was on average 0.2754 s, 0.1632 s and 0.1397 s for scenarios 24 
S2, S3 and S4 respectively. Moreover, whilst computational cost in S2 rise in a quadratic way with the numbers of 25 
controlled devices it does not change at all in scenarios S3 and S4. The computational effort required for S2 would 26 
constitute a major obstacle as the size of the grid increases.   27 
The results obtained show that decentralisation of the system and the development towards a smart grid and active 28 
prosumers is an attractive investment and governance option for future energy systems with high penetration of DERs. 29 
Between the two decentralised cases considered, S3 provides better benefits for the grid, as it can defer or avoid 30 




investments in grid reinforcement; however, it does not provide the same revenues as S4 for the final customer and the 1 
DSO. Therefore, S3 would require some incentives for the prosumers to encourage new BESS installations. This is not 2 
necessary for S4, where lower energy bills incentivize all the customers. 3 
4.4 Discussion on integration with electric vehicles 4 
The energy trading framework developed in this research also applies to innovative distributed energy resources, such 5 
as electric vehicles (EVs). In fact, EVs can be used as storage solutions for households and the distribution network 6 
[52]. Studies, such as [53] and [54], have demonstrated improvement in grid operation via Vehicle-to-Grid (V2G). To 7 
this end, the framework developed in the present work is extended to include V2G by modelling as mobile energy 8 
storage. The V2G provision is underpinned by the availability of EV at home, which was shown [55] as 60% on average. 9 
To be more specific, the departure time and arrival time is sampled from the period of 6am-8am and 4pm-6pm, 10 
respectively [56]. The strategies described in sections 4.2 and 4.3 are then applied to EVs in this case. Figure 13 shows 11 
the transformer load at PCC under S1 and S2 when BESSs are employed compared to when the EVs are simulated, as 12 
well as the different power exchanged by BESSs and EVs under S2 . 13 
 14 
Figure 13 (a) Comparison between transformer load under S1 and S2 with BESS and EV in June, (b) comparison between the total power 15 
exchanged by BESS and EV under S2 in June 16 
As can be seen, when the EVs are unavailable during the day, they are unable to charge from the power generated by 17 
PV (see the green curve in Figure 13.b ). Hence when EVs are simulated under S2, there is higher reverse power flow, 18 
compared to when BESSs are simulated. There is negligible difference between the peak demand values when EVs are 19 




simulated compared to BESSs, as the EVs are available in the evening to provide the electricity demand. The results in 1 
Table 6 confirm that EVs reduced the evening peak demand whereas they did not influence reverse power flow. 2 
Table 6 Comparison of peak demand and reverse power flow with S1, S2 with BESS and S2 with EV in June 3 
Maximum peak demand (kW) 
S1 S2 with BESS S2 with EV 
15.64 13.30 13.51 
Maximum reverse power flow (kW) 
S1 S2 with BESS S2 with EV 
12.66 9.38 12.66 
It is worth mentioning that 90% of UK drivers travel less than 20 miles on a daily basis (which corresponds to 5.22 kWh 4 
for a Nissan Leaf) [56]. Taking into account of the fore-mentioned energy required for transportation, the remaining EV 5 
battery capacity is considerably sufficient for energy management, either under centralised control, such as what is 6 
demonstrated here, or decentralised control such as MEM and MBM.  7 
5 Conclusions 8 
This paper proposed a framework of decentralised micro-energy and micro-balancing market in low voltage distribution 9 
networks with high penetration of distributed energy resources. It is demonstrated that by the implementation of the 10 
proposed micro-energy-market, the cost of energy for all users with or without DERs has been reduced. In fact, all users 11 
can reduce their cost by at least 4.1%, prosumers with PV systems can achieve a reduction of more than 20.2% while 12 
prosumers with both PV and battery storage systems can reduce their energy cost by at least 16.6%. Furthermore, by 13 
applying market strategies, voltage deviation can be reduced by 6.4% and peak demand can be reduced by 0.8%, in the 14 
best case compared to the BAU scenario. The MEM is particularly effective in reducing reverse power flow by 9% 15 
which indicates an improved integration of renewable generation. In this case, the benefits achieved by the system 16 
operator should be shared with the prosumers to incentivise their participation and stimulate installation of the battery 17 
storage systems. To this end, the proposed micro-balancing-market is a suitable option since it has been demonstrated 18 
in this simulation as a profitable service for the prosumers, and has improved grid stability in case of contingencies. 19 
Furthermore, it has been shown that EVs, with the average UK daily travelling pattern, can be successfully integrated 20 
in the proposed energy trading framework. The proposed framework can be extended to large three-phase systems 21 
considering unbalanced operation of the grid without significant complications by further work beyond the scope of this 22 
paper. 23 
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Yield 1000 kWh/kWp 
Degradation 0.50%/year 
CAPEX 1600÷1900 £/kWp 












  9 
OPEX(t) 18 £/kWp/year 








𝐸𝑏𝑖 𝑚𝑎𝑥  2 kWh 
𝐸𝑏𝑖 𝑚𝑖𝑛  0 kWh 
𝑃𝑏𝑖 𝑚𝑎𝑥
𝑑𝑖𝑠   2 kW 
𝑃𝑏𝑖 𝑚𝑎𝑥
𝑐ℎ   0.820 kW 
Efficiency 100% 
Life time 10 years 
CAPEX(0) 570 £/kWh 
CAPEX(10) 230 £/kWh 
CAPEX(20) 200 £/kWh 
OPEX(t) 0 £/kWh 
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